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Abstract: Droughts are one of the costliest natural disasters. Reliable drought monitoring and
prediction are valuable for drought relief management. This study monitors and predicts droughts in
Xinjiang, an arid area in China, based on the three drought indicators, i.e., the Standardized
Precipitation Index (SPI), the Standardized Soil Moisture Index (SSMI) and the Multivariate
Standardized Drought Index (MSDI). Results indicate that although these three indicators could
capture severe historical drought events in the study area, the spatial coverage, persistence and
severity of the droughts would vary regarding different indicators. The MSDI could best describe the
overall drought conditions by incorporating the characteristics of the SPI and SSMI. For the drought
prediction, the predictive skill of all indicators gradually decayed with the increasing lead time.
Specifically, the SPI only showed the predictive skill at a 1-month lead time, the MSDI performed
best in capturing droughts at 1- to 2-month lead times and the SSMI was accurate up to a 3-month
lead time owing to its high persistence. These findings might provide scientific support for the local
drought management.
Keywords: drought monitoring; drought prediction; multiple drought indicators; soil moisture;
precipitation; arid
1. Introduction
Droughts are one of the costliest natural disasters and have seriously destructive effects on the
ecological environment, agricultural production and socio-economic conditions [1]. According to a
recent report from the Food and Agriculture Organization of the United Nations (FAO), droughts
were responsible for agricultural losses at a total of USD 29 billion in the developing countries
between 2005 and 2015 [2]. Most parts of the world experience droughts, especially in the arid regions
where the annual rainfall mainly derives from a few rainfall events [3]. Recent studies report that the
drought frequency and intensity may increase under global warming [4,5], thus it is vital to establish
reliable drought monitoring and early warning systems to assist the decision-makers in coping with
these disasters.
Since droughts affect a wide variety of sectors, it is difficult to define the droughts uniquely [6].
Typically, droughts can be divided into meteorological droughts related to precipitation, agricultural
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drought related to soil moisture and hydrological drought related to runoff [7]. Accordingly,
both multivariate and univariate drought indices have been developed to monitor different aspects
of droughts. For example, the Standardized Precipitation Index (SPI), developed by Mckee et al.
(1993) [8], has been widely used to monitor the meteorological drought. The SPI is calculated by fitting
and transforming the long-term record of precipitation to a normal distribution. The strength of the
SPI is that it can be calculated across various timescales (e.g., 3-, 6-, 9- and 12-month). According to
the concept of the SPI, the Standardized Soil Moisture Index (SSMI) and Standardized Runoff Index
(SRI) are proposed so as to monitor the agricultural and hydrological droughts, respectively [9,10].
Multivariate drought indicators have also been developed to characterize more drought features,
which include the Standardized Precipitation Evapotranspiration Index (SPEI) [11], the Optimal
Blended NLDAS (North American Land Data Assimilation System) Drought Index (OBNDI) [12],
the Multivariate Standardized Drought Index (MSDI) [13] and so on. The performance differs for
these drought indicators. For example, previous studies suggest that a precipitation index is suitable
to monitor the drought onset, while a soil moisture index proves better in detecting the drought
persistence and the integration of the soil moisture and precipitation may be more efficient for the
drought monitoring [14–16].
In addition, various drought prediction methods have been developed, based on either statistical
or dynamical methods [17,18]. The statistical methods, such as the regression models, probability
distribution methods, artificial intelligence methods and Ensemble Streamflow Prediction (ESP),
generally rely on the empirical relations of historical data [19,20], while the dynamical methods,
such as the North American Multi-Model Ensemble (NMME), General Circulation Models (GCMs)
and hydrological models are generally based on the simulation of the physical processes of the
atmosphere, ocean and land surface [21,22]. Both the statistical and dynamical methods have their
advantages and disadvantages. The statistical methods are simple to implement and useful to
provide base skill levels [23]. However, if the climate changes are not sufficiently captured from
the historical records, the statistical methods may offer a low predictive skill [24]. The dynamical
methods are adept at incorporating the non-stationarity aspects of the climate and predicting the
unprecedented conditions [25], but they also tend to be time-consuming and fall prey to model errors
and uncertainty [26]. Given these drawbacks, it is difficult to estimate which prediction method is
the best. In fact, the selection of the most appropriate method may depend on the region, drought
indicators, lead time and other factors [27].
The Xinjiang Uygur Autonomous Region is an arid region in Northwest China with scarce water
resources and a fragile ecosystem. Drought is one of the major, natural recurring disasters in Xinjiang
and it seriously threatens the local ecological environment, agricultural production and even human
lives. Previous studies show that, under climate change, weather extremes (i.e., precipitation and
temperature) are occurring more frequently in the region, which may increase the uncertainty of
the drought occurrence [28,29]. However, to the best of our knowledge, there is no research yet on
drought predictions for this region and only a few studies have monitored droughts based on a
univariate index (i.e., the SPI) [30–32]. Hence, in this study, we used the Standardized Precipitation
Index (SPI), Standardized Soil Moisture Index (SSMI) and Multivariate Standardized Drought Index
(MSDI) (which integrates precipitation with soil moisture) to monitor and predict droughts in Xinjiang,
China. When the dynamical methods are applied to predict the soil moisture, precipitation and
temperature forecasts from dynamic models, or statistical methods, are generally used as input data to
force the land surface or hydrologic models. In this case, both the input uncertainty and model errors are
propagated into the soil moisture simulations, which may increase the uncertainty of the dynamic soil
moisture forecasts [33,34]. Furthermore, previous studies also indicated that the dynamic methods offer
high uncertainty and relatively low seasonal predictive skills [35,36]. For these reasons, the Ensemble
Streamflow Prediction (ESP) method, widely applied in numerous climate and hydrological studies,
is applied for the drought prediction in this study.
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In the present study, we monitored and predicted droughts in Xinjiang based on three drought
indicators (i.e., the SPI, SSMI and MSDI), which fill the gap of the drought research in the study
area. The main aims of this study are: (1) to compare the different drought indicators (SPI, SSMI and
MSDI) of drought monitoring by analyzing the spatial extent, severity and persistence of drought;
(2) to predict the probability of drought occurrence using the ESP method based on three different
drought indicators; finally, (3) to evaluate and compare the predictive skills based on multiple drought
indicators with different lead times. The results of this study might help decision-makers to take
effective measures in order to reduce the impact of drought.
2. Study Area and Data
2.1. Study Area
The Xinjiang Uygur Autonomous Region (34◦15′–49◦10′ N, 73◦20′–96◦25′ E) is located in the
northwest of China (Figure 1). It exhibits a distinct style of basin-mountain topography with three
mountain ranges (Altay Mountains, Tianshan Mountains and Kunlun Mountains) and two basins
(Junggar Basin and Tarim Basin). The Tianshan Mountains divide Xinjiang into North and South
Xinjiang. Xinjiang is located far from the sea and is surrounded by mountains, which results in a
semi-arid and arid climate across the region [37,38] or a cold semi-arid (BSk) and cold desert (BWk)
in the Köppen–Geiger climate classification [39]. The average annual precipitation of this region
amounts to less than 150 mm scattered across an average of 55 days [31], while the annual potential
evapotranspiration could reach 3000 mm in South Xinjiang [40]. The annual regional precipitation
has a wide range, with 100–500 mm in North Xinjiang and less than 100 mm in South Xinjiang [41].
Overall, Xinjiang is characterized by scarce water resources and drought is one of the main obstacles to
its economic and social development.
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sensing data. The MERRA-Land dataset is an improved product of the original MERRA dataset in 
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0.667° from January 1980 to the present. In this study, the monthly data of the precipitation and 
topsoil layer (0–2 cm) soil moisture from MERRA-Land are applied to calculate the 6-month drought 




Modern-Era Retrospective analysis for Research and Applications (MERRA) provide long-term,
global estimates of the precipitation and soil moisture through assimilating the in situ and remote
sensing data. The MERRA-Land dataset is an improved product of the original MERRA dataset in
land modeling [42]. The MERRA-Land data product is available at a spatial resolution of 0.5◦ × 0.667◦
from January 1980 to the present. In this study, the monthly data of the precipitation and topsoil layer
(0–2 cm) soil moisture from MERRA-Land are applied to calculate the 6-month drought indicators
(i.e., the SPI, SSMI and MSDI) for the drought monitoring and prediction.
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2.2.2. In Situ Data
In this study, the in situ observations are employed to validate the MERRA-Land data. The in
situ soil moisture and precipitation data are collected from two agriculture stations and four weather
stations (Figure 1).
The Wulawusu station (44◦28′ N, 85◦82′ E), located in North Xinjiang, provides soil moisture data
from 1982 to 1994. The Shache station (38◦71′ N, 77◦45′ E), located in South Xinjiang, provides the soil
moisture data from 1990 to 2010. The soil moisture observations are measured three times a month at
different depths (10 cm, 20 cm, 50 cm, 70 cm and 100 cm). Here, the monthly averaged soil moisture
observations at the top layer (0–10 cm) are utilized.
Furthermore, the observed precipitation data from the Aletai (47◦44′ N, 88◦05′ E), Tulufan
(42◦56′ N, 89◦12′ E), Tieganlike (40◦38′ N, 87◦42′ E) and Shache (38◦71′ N, 77◦45′ E) stations are
applied so as to validate the MERRA-Land precipitation data. The data are provided by the Chinese
meteorological station network on a monthly scale.
3. Methods
3.1. Calculation of the Drought Index
The 6-month SPI, SSMI and MSDI were calculated in the following steps. Firstly, the 6-month
cumulative precipitation (CPn,i) and soil moisture (CSMn,i) for month i of year n are derived as:
CPn,i = Pn,i + Pn,i−1 + Pn,i−2 + Pn,i−3 + Pn,i−4 + Pn,i−5 (1)
CSMn,i = SMn,i + SMn,i−1 + SMn,i−2 + SMn,i−3 + SMn,i−4 + SMn,i−5 (2)
where Pn,i and SMn,i represent the precipitation and soil moisture in month i of year n, respectively.
Next, the empirical Gringorten plotting position formula [43] is applied to calculate the cumulative
precipitation probabilities’ distribution (pP), soil moisture probabilities’ distribution (pSM) and joint













where kP denotes the rank of the cumulative precipitation, kSM indicates the rank of the cumulative
soil moisture, k(P,SM) refers to the number of data pairs (CPi, CSMi) for CPi ≤ CP and CSMi ≤ CSM
(1 ≤ i ≤ n) and n shows the number of the observation. Finally, the SPI, SSMI and MSDI could be
derived by standardizing the empirical probabilities as:
SPI = ϕ−1(pP) (6)






where ϕ stands for the standard normal distribution function.
The drought classification used in this study is based on the U.S. Drought Monitor [44], as shown
in Table 1. The negative drought index indicates a relatively dry condition, while the positive value
illustrates a wet condition. There are five drought categories, while this study mainly concentrates on
the drought conditions below D1 (threshold < −0.8).
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Table 1. Classification of the drought severity.
Drought Index Level Description
≥2.0 W4 Exceptional wetness
[1.60, 1.99] W3 Extreme wetness
[1.30, 1.59] W2 Severe wetness
[0.80, 1.29] W1 Moderate wetness
[0.50, 0.79] W0 Abnormally wet
[−0.49, 0.49] Normal Normal
[−0.50, −0.79] D0 Abnormally dry
[−0.80, −1.29] D1 Moderate drought
[−1.30, −1.59] D2 Severe drought
[−1.60, −1.99] D3 Extreme drought
≤−2.0 D4 Exceptional drought
3.2. Drought Prediction
The Ensemble Streamflow Prediction (ESP) method [45,46], which assumes that historical records
will possibly occur in the future, is employed to predict the occurrence probability of droughts based
on the 6-month SPI, SSMI and MSDI. By assuming that the monthly precipitation and soil moisture
data are available from the first year to year n, the drought prediction for the target month i of year n
at a 1-month lead time could be derived based on the following processes. Firstly, the n − 1 blended
sequences of the 6-month cumulative precipitation (CP jn,i) and soil moisture (CSM
j
n,i) are derived as:
CP jn,i = P j,i + Pn,i−1 + Pn,i−2 + Pn,i−3 + Pn,i−4 + Pn,i−5, j = 1, 2, 3, . . . , n− 1 (9)
CSM jn,i = SM j,i + SMn,i−1 + SMn,i−2 + SMn,i−3 + SMn,i−4 + SMn,i−5, j = 1, 2, 3, . . . , n− 1 (10)
where (Pn,i−1, . . . , Pn,i−5) and (SMn,i−1, . . . , SMn,i−5) demonstrate the initial precipitation and soil
moisture before the target month i of year n, and P j,i and SM j,i denote the historical precipitation and
soil moisture records. For each blended cumulative precipitation CP jn,i (j = 1, 2, . . . , n − 1) and soil
moisture CSM jn,i (j = 1, 2, . . . , n − 1), the corresponding SPI
j and SSMI j could be obtained based on
the cumulative precipitation (CP1,i, . . . , CPn−1,i, CP
j
n,i) and soil moisture (CSM1,i, . . . , CSMn−1,i, CSM
j
n,i)
from the historical records. The MSDI j might be calculated as:








, j = 1, 2, 3, . . . , n− 1 (11)
From this formula, an (n − 1)-member ensemble of the predicted SPI, SSMI and MSDI for the
target month i could be derived. Then, based on this predicted ensemble, the occurrence probability





where nx represents the number of members below the given threshold x and n is the size of the
predicted ensemble.
3.3. Prediction Evaluation
The Continuous Ranked Probability Score (CRPS) is a widely used tool for the probabilistic
forecast verification [47]. The CRPS might be considered as the mean absolute error of the predicted
ensemble, with a lower CRPS value indicating a higher forecasting accuracy. Here, the CRPS is used to
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The accuracy of the MERRA-Land soil moisture data was examined based on the observed data
from the agriculture stations (Shache and Wulawusu). As the units of the in situ and MERRA-Land
data are different, we performed a validation by comparing their variations instead of the magnitudes.
Figure 2 suggests that these two datasets showed similar fluctuations on a monthly scale. The correlation
coefficients between the MERRA-Land and in situ data at the Shache and Wulawusu stations were
approximately 0.54 and 0.49, respectively, which indicates that the MERRA-Land soil moisture product
demonstrated a reasonable accuracy [37,48].
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Figure 2. Monthly variations of the Modern-Era Retrospective analysis for Research and Applications
(MERRA)-Land and in situ soil moisture data at the Shache (a) and Wulawusu (b) station.
The observed precipitation data from four weather stations (i.e., Aletai, Shache, Tieganlike and
Tulufan) were utilized to evaluate the MERRA-Land product. Figure 3 depicts the agreement between
these two datasets, with r2 values of 0.75, 0.77, 0.83 and 0.73, respectively. The root mean square
error (RMSE) values for the MERRA-Land precipitation amounted to 7.07 mm, 4.85 mm, 2.83 mm
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and 1.82 mm, respectively. The MERRA-Land precipitation showed good agreement with the in
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4.2. Spatial Patterns of Precipitation and Soil Moist
In Figure 4a, the mean annual precipitation sho ed an uneven distribution pattern in Xinjiang.
The minimum precipitation appeared in the centre of the Tarim basin, where the annual precipitation
was less than 50 mm. The maximum precipitation is observed in the mountains of North Xinjiang,
especially the Tianshan mountains where the annual precipitation exceeded 300 mm. Taking the
Tianshan mountains as a middle boundary, the precipitation in South Xinjiang was lower than in
North Xinjiang. Figure 4b represents the spatial pattern of the soil moisture, which ranged from
0.02 to 0.33 m3 ×m−3. The spatial pattern of the soil moisture was similar to that of the precipitation.
A low soil moisture value was notic d in th ce re of the Tarim nd Junggar basins, hile high values
of soil moisture appeared in the mountainous areas between these two basins.
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The monthly precipitation and soil moisture deviations from the monthly historical average
during the period 1980–2015 were shown in Figure 4c,d. Regarding the precipitation, the monthly value
measured less than the historical average in about 56% of the calculated months and these months were
mainly situated in the periods 1982–1986, 1988–1992, 1994–1997, 1999–2001, 2007–2009 and 2012–2014.
For the soil moisture, the monthly value was less than the historical average in about 53% of the months
and these appeared mainly in the periods 1983–1986, 1989–1992, 1994–2001, 2006–2009 and 2012–2014.
A low monthly precipitation or soil moisture value, which was deviated from the monthly historical
average to a certain extent, might lead to a drought.
4.3. Drought Monitoring
4.3.1. Time Series of Various Drought Indicators
Figure 5 demonstrates the historical time series of the spatially averaged SPI, SSMI and MSDI for
the period 1980–2015. During this period, 132, 132 and 171 months appeared to be under drought
for the SPI, SSMI and MSDI, respectively. Concerning those, 27%, 27% and 33% suffered from severe
drought (D2) for these three indicators, respectively. In the study area, the drought occurred every
2.3 years on average. These three indicators were generally consistent and could monitor these severe
drought events, which occurred during 1983–1986, 1997–1998, 2008, 2009 and 2014. These drought
events have been reported. For example, severe drought took place in 1983, affecting 3.8 × 105 hm2
of the farmlands and 6.67 × 106 hm2 of the grasslands [49]. In 2008, about 1.86 × 107 hm2 grasslands
experienced drought and it even restricted the area’s domestic water supply [50]. As reported by the
Uygur Autonomous Regional Meteorological Service, Xinjiang also suffered from a severe drought
disaster in 2014, which caused a direct economic loss of nearly RMB 2.89 billion, ranking the first in
the same historical period. Other drought events were also confirmed in various drought statistical
yearbooks from China and the Xinjiang Uygur Autonomous Region.
Remote Sens. 2020, 12, x FOR PEER REVIEW 8 of 18 
The onthly precipitation and soil oisture deviations fro  the onthly historical average 
during the period 1980–2015 were shown in Figure 4c,d. Regarding the precipitation, the monthly 
value measured less than the historical average in about 56% of the calculated months and these 
onths were mainly situated in the periods 1982–1986, 1988–1992, 1994–1997, 1999–2001, 2007–2009 
and 2012–2014. For the soil moisture, the monthly value was less than the historical average in about 
53% of the months and these appeared mainly in the periods 1983–1986, 1989–1992, 1994–2001, 2006–
2009 and 2012–2014. A low monthly precipitation or soil moisture value, which was deviated from 
the monthly historical average to a certain extent, might lead to a drought. 
. .   
. . . i e eries f ario s rought Indicators 
i re 5 demonstrates the historical time series of the sp tially averaged SPI, SSMI and MSDI 
for the period 198 –2015. During this period, 132, 132 and 171 months a peared to be under r t 
f r t  I, I  I, r s cti l . c r i  t s , ,    s ff r  fr  s r  
r t ( ) f r t s  t r  i ic t rs, r s cti l . I  t  st  r , t  r t cc rr  r  
.  years on average. Th se three indicators were generally consistent and could monitor th s  
severe drought events, which occ rred during 1983–1986, 1997–1998, 2008, 20 9 and 2014. These 
drought events have be n reported. For example, severe drought took place in 1983, affecting 3.8 × 
105 hm2 of the farmlands and 6.67 × 106 hm2 of the grassla ds [49]. In 2008, about 1.86 × 107 hm2 
grassla ds experienced drought and it even restricted the are ’s domestic water su ply [50]. As 
reported by the Uygur Autonomous Regional Meteorological Service, Xinjiang also suffere  from a 
sever  drought disaster in 2014, which caused a direct conomic loss of nearly RMB 2.89 billio , 
ranking t e first in the same historical period. Other drought events were ls  confirmed in various 
drought statistical ye rbooks from China and the Xi jiang Uygur Autonomous Region. 
 
Figure 5. Time series of the spatially averaged Standardized Precipitation Index (SPI) (a), Soil 
Moisture Index (SSMI) (b) and Multivariate Standardized Drought Index (MSDI) (c). 
However, there are still discrepancies among these three indicators regarding the drought 
onset, persistence and severity. For example, for the drought events which occurred in 1983–1986 
and 1997–1998, the SPI and MSDI monitored the drought a few months earlier than the SSMI, which 
might be due to the fact that the soil moisture deficit originated from the precipitation deficit. During 
the monitoring period, the mean drought persistence amounted to 8.25 and 9.42 months for the SPI 
and SSMI, respectively. This finding is consistent with previous studies, which found that the soil 
moisture is superior to the precipitation when it is used to monitor the drought persistence [15,51]. 
Figure 5. Time series of the spatially averaged Standardized Precipitation Index (SPI) (a), Soil Moisture
Index (SSMI) (b) and Multivariate Standardized Drought Index (MSDI) (c).
However, there are still discrepancies among these three indicators regarding the drought onset,
persistence and severity. For example, for the drought events which occurred in 1983–1986 and
1997–1998, the SPI and MSDI monitored the drought a few months earlier than the SSMI, which might
be due to the fact that the soil moisture deficit originated from the precipitation deficit. During the
monitoring period, the mean drought persistence amounted to 8.25 and 9.42 months for the SPI and
SSMI, respectively. This finding is consistent with previous studies, which found that the soil moisture
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is superior to the precipitation when it is used to monitor the drought persistence [15,51]. The MSDI,
calculated from the joint probability distribution, could incorporate the characteristics of both the soil
moisture and precipitation. It is suspected that the drought severity captured by the MSDI would be
more severe than either the SPI or SSMI, when both these indices indicated a drought [52]. In this
study, the mean drought peak for the MSDI measured −1.21, which was heavier than either the SPI
(−1.13) or SSMI (−1.14).
In addition, the SPI and SSMI indicated different signals across several time steps. For example,
in 1982 and 1989, the SPI indicated moderate to exceptional droughts, while the SSMI proved normal or
even wet conditions. Such discrepancies might be due to the relatively wet soil conditions in the early
stage and the below-average precipitation throughout a period that caused the soil to stay wet [9].
4.3.2. Spatial Pattern of Droughts during the Period April–July 2014
April to July is an important agricultural period in Xinjiang. Therefore, as an example of monitoring
spatial drought information based on the SPI, SSMI and MSDI, we examined a drought that happened
from April to July 2014. Since there are no observed drought data available in China, we could only
compare the differences among these three indicators, rather than evaluate their accuracy. As shown
in Figure 6, the drought during this period was generally depicted by these three indicators, but the
spatial coverage, as well as the drought persistence, varied according to different indicators.
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In Figure 6a, the SPI indicated a D4 drought (SPI < −2) in the east of North Xinjiang, whereas most
areas in South Xinjiang were located in the D0 to D1 drought category (−0.5 < SPI < −1.3) in April.
In May (Figure 6b), the drought conditions relieved in North Xinjiang, while aggravated in South
Xinjiang. Only the eastern regions and western marginal areas of South Xinjiang, however, showed a
D0 to D1 drought in June and July (Figure 6c,d).
The agricultural drought (SSMI) area does not entirely match the meteorological drought (SPI)
areas. As shown in Figure 6e–h, the agricultural drought based on the SSMI was mainly distributed
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in the boundary regions of South Xinjiang, and the eastern and western regions of North Xinjiang.
Regarding the eastern regions of North Xinjiang, the SSMI demonstrated a D4 drought in April,
which was consistent with the SPI. The drought conditions in these regions gradually relieved but
did not disappear. By July, the SSMI still captured a D0 to D1 drought in the east of North Xinjiang.
Meanwhile, based on the SSMI, the drought in South Xinjiang had aggravated from April to May and
then gradually relieved but at a slower drought mitigation rate than the one based on the SPI. In other
words, the SSMI indicated a longer drought persistence than the SPI.
Moreover, the MSDI described droughts in areas where either the SPI or SSMI illustrated a deficit,
thus it exhibited a larger area under drought conditions compared to the SPI and SSMI (Figure 6i–l).
In order to compare the drought severity among these three indicators, a grid cell (81◦ E, 45◦ N) in
the western part of North Xinjiang was considered as an example. The location is marked with a
blue circle in Figure 6. The MSDI values in this grid measure −1.7, −2.1, −1.7 and −1.7 for April, May,
June and July, respectively. The SPI values amount to −1.0, −0.6, −0.8 and −1.4, and the SSMI values
are −1.4, −2.1, −1.7 and −1.2. The results are in step with previous studies, which indicated that the
Multivariate Standardized Drought Index (MSDI) has been showing more severe drought conditions
than the univariate drought indices (i.e., the SPI and SSMI) [52,53]. Furthermore, the MSDI exhibited a
similar drought persistence as the SSMI, which was longer than the SPI.
4.4. Drought Prediction
In a drought early warning system, the drought conditions situated below the moderate level (D1,
index < −0.8) are of a critical concern. As shown in Figure 6, the drought during May 2014 was more
severe than that in the other months. We took the drought in May 2014 as an example so as to predict
the droughts and to provide the probability of drought occurrence below the D1 level at different
lead times based on the SPI, SSMI and MSDI, respectively. For a contrastive analysis, the monitored
drought conditions below the D1 level based on the SPI, SSMI and MSDI for May 2014 have been
sketched in Figure 7.
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Figure 7. Monitored drought conditions below D1 based on the SPI (a), SSMI (b) and MSDI (c) for
May 2014.
The drought probability forecasts at different lead times based on the SPI are presented in
Figure 8a–d. The 1-month lead predictive map resembles the monitored map (Figure 7a) in terms
of the spatial extent. The areas with a relatively high probability (~70%) were mainly distributed in
the east of North Xinjiang and the northwest of South Xinjiang. The probability for most parts of
South Xinjiang was calculated around 50%. However, the predictive skill dropped off gradually after a
1-month lead time. For the 2-month, 3-month and 4-month lead times, the probability rate for almost
all regions was less than 50% or even lower. In other words, there was a moderate predictive skill
that was visible up to a 1-month lead time, but almost no significant predictive skill after a 1-month
lead time. The Continuous Ranked Probability Score (CRPS) delivers an integrated evaluation of the
accuracy and reliability of the predicted ensemble. A lower CRPS value indicates a higher forecasting
accuracy and vice versa. Figure 8e–h illustrates the spatial patterns of the CRPS at different lead times.
As shown, the spatially averaged CRPS values amounted to 0.376, 0.558, 0.656 and 0.680 at lead times
of 1-, 2-, 3- and 4-month, respectively, which signifies that the mean absolute errors increased with the
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lead time. From the spatial distribution, the regions suffering from more severe drought conditions
(e.g., the northwest patches of South Xinjiang) illustrated higher CRPS values than the other areas.
Figure 8i–l represents the predicted ensemble median against the monitored SPI for each grid in the
study area at different lead times. The r2 value was 0.6 at a 1-month lead time and decreased sharply
after a 1-month lead time. There was little correlation between the monitored SPI and the predicted
ensemble median at 3- and 4-month lead times. At different lead times, the predicted ensemble median
generally underestimated the drought/wet conditions and the degree of underestimation intensified
with the increase in lead time.
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Figure 9a–d provides the 1- to 4-month lead forecasts based on the SSMI. The visual comparisons
between the drought predictions and monitored droughts for the 1- and 2-month leads (Figure 7b)
reveal that regions with a high probability (~90%) are consistent with the monitored drought conditions.
The SSMI 3-month lead prediction described a high drought probability (~80%) in the east of North
Xinjiang and some parts of South Xinjiang, while the 4-month lead prediction showed limited skills
across most regions. As expected, the spatially averaged CRPS values augmented with the lead time
(Figure 9e–h). For the 1- and 2- onth forecasts, the CRPS values in most areas measured lower than
0.5. Overall, the CRPS values across the marginal areas of South Xinjiang were higher than in other
areas. Furthermore, Figure 9i–l denotes a relatively good agreement between the predicted ensemble
median and the monitored SSMI, with r2 of 0.89, 0.75, 0.65 and 0.58 for various lead times. As noticed
in Figure 9i at a 1-month lead time, the predicted ensemble median and the monitored drought are
generally laid along the 1:1 line, which presents a high degree of consistency. However, the ensemble
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median of the 1-month lead prediction underestimated the droughts while overestimating the wet
conditions. As the lead time rose, the degree of drought underestimation gradually intensified.Remote Sens. 2020, 12, x FOR PEER REVIEW 12 of 18 
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The predicted drought probability results based on the MSDI for the 1- to 4-month lead times
are presented in Figure 10a–d. The results suggest that the areas where droughts were predicted with
a high probability at a 1-month lead time were consistent with the monitored droughts shown in
Figure 7c. Additionally, the predictive skill was higher in the east of Xinjiang, with a drought probability
exceeding 90%. The 2-month lead forecast could only monitor the drought conditions in the middle
and eastern parts of Xinjiang and there was little skill at lead ti es of 3–4 months. The spatially
averaged CRPS values in longer leads (i.e., 3- and 4-month) were larger than those in shorter leads
(i.e., 1- and 2-month). Most parts of South Xinjiang exhibited lower predictive skills and a higher
uncertainty with relatively high CRPS values. At the 1-month lead time, a good agreement was noticed
between the predicted ensemble median and the monitored MSDI, with r2 measuring 0.73. The relation
between the predicted ensemble median and the monitored MSDI became more scattered with the
increases in lead time. Similar to the SPI and SSMI, the predicted ensemble median based on the SDI
underestimated the drought degree.
The comparisons of Figures 8–10 reveal a longer lead time predictability for the SSMI and MSDI
relative to the SPI. With regard to the CRPS (i.e., the mean absolute errors), the value was higher than
0.5 at the 2-month lead time for the SPI, while it was higher than 0.5 at a lead time of 4- and 3-month
regarding the SSMI and MDSI, respectively. For the r2 value, the predicted ensemble median against the
monitored drought severity was lower than 0.5 at the 2-month lead time for the SPI and MSDI, while it
was still higher than 0.5 at a lead time of 4-month for the SSMI. In summary, the SPI provided relatively
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reasonable predictions at a 1-month lead time while the predictive skill maintained up to 2-month
and 3-month lead times for the MSDI and SSMI, respectively. In addition, for these three indicators,
the predicted ensemble median generally underestimated the monitored drought degree. Hence,
it would be better to predict in a probabilistic way, rather than using the deterministic forecasting.Remote Sens. 2020, 12, x FOR PEER REVIEW 13 of 18 
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5. Discussion
As a monitoring tool, since he SPI charact rizes the deficit in precipitation, the drought bas d
on the SPI may develop quickly and end abruptly due to the high variability in precip tation [16,54].
The SSMI, on the other hand, represents the d ficit in the soil moisture, which might ar se from either a
low precipitation or a high evapotranspiration [55]. As th soil moisture r sponds to the precipitation
with some time lags [14], the drou t based on the SSMI does not totally matc the one ba ed on the
SPI. Furthermore, compared to the individual drough index, the MSDI describes the joint s ribution
of the soil mois ure and precipitation and might therefor be used to characteriz the overall rought
conditions [9,53].
As a prediction tool, the SSMI performs better for the long-term drought predictio s than
SPI. Th s was illustrated by examining the persistence of the cumulative soil moisture against that of
cumulative precipitation in Figure 11, which shows the autocorrelations of the 6-month cumulative soil
moisture and precipitation at 1- to 5-month time lags. Generally, the autocorrelation of the cumulative
soil moisture was higher than that of the cumulative precipitation. With the increase in lag times,
the autocorrelation of the cumulative soil moisture decayed more slowly compared to the cumulative
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precipitation. The median of the autocorrelation coefficients for the cumulative soil moisture exceeded
0.5, even at a 3-month lag, while for cumulative precipitation it fell below 0.5 after a 2-month lag.
Previous studies also illustrated that the precipitation has a high variability, while the soil moisture
persistence could span weeks to a couple of months, and the cumulative soil moisture has a longer
persistence based on the temporal integration of data [56–58]. The long persistence of the cumulative
soil moisture is important to improve the drought predictive skills and might lead to a better prediction
based on the SSMI than the SPI.
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Furthermore, for the prediction based on the same drought index at the same lead time, the CRPS
value demonstrated a spatial heterogeneity (Figures 8–10), which means that the prediction ability
varied spatially. The difference in the prediction ability might arise from the difference in drought levels
between the spatial units. In order to confirm this, we calculated the CRPS value corresponding to the
different drought indicators while predicting the different levels of drought. As shown in Figure 12,
with the aggravation in drought severity, the SPI-based and MSDI-based drought prediction ability
weakened, as reflected by the rising CRPS value. The decay rate of the prediction ability based on the
MSDI was lower than the one based on the SPI. The drought prediction based on the SSMI illustrated
a relatively stable prediction ability for different drought levels. The difference in prediction ability
could be related to a high variability in precipitation and a long persistence of soil moisture. Especially,
the soil moisture in dry conditions has a longer persistence than that in wet conditions [59] and the
precipitation in dry areas has a bigger variability compared to that in wet areas [60]. Based on the
above analysis, the spatial variation of the CRPS in Figures 8 and 10 could be explained. The drought
situation in South Xinjiang was more severe than that in North Xinjiang during May 2014 (Figure 6),
which caused a higher CRPS value in South Xinjiang than in North Xinjiang.Remote Sens. 2020, 12, x FOR PEER REVIEW 15 of 18 
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6. Conclusions
Based on the soil moisture and precipitation data from the MERRA-Land dataset, multiple
indicators were calculated to monitor and predict droughts in Xinjiang, China. Generally, the spatially
averaged SPI, SSMI and MSDI could capture severe historical drought events and indicated that the
droughts happened every 2.3 years on average. However, the spatial coverage, persistence and severity
of the drought varied with different indicators. The drought monitoring for the period April–July
2014 demonstrated that the meteorological drought based on the SPI was mainly distributed in South
Xinjiang and only persisted for a short time. The agricultural drought based on the SSMI was located
in the boundary regions of South Xinjiang and the east of North Xinjiang, and also had a longer
persistence. The MSDI characterized the overall drought conditions based on the state of both the soil
moisture and precipitation.
Additionally, the ESP method was used to predict the probability of the drought occurrence
(below D1 level) at different lead times based on the SSMI, SPI and MSDI, respectively. The results
illustrate that the 1-month lead forecast for these three indicators was the most accurate, and the
predictive skill gradually decayed as the lead time increased. For the SPI, there were large uncertainties
visible in the predictions and almost no predictive skills beyond a 1-month lead. For the MSDI,
the reasonable predictive skill was found at lead times of 1–2 months. For the SSMI, the predictive skill
could be maintained up to a 3-month lead due to the long persistence of the soil moisture.
In short, we could see that the choice of the drought index depends on the specific problem.
The MSDI proves better for the drought monitoring than the univariate drought indices (i.e., the SPI,
SSMI), while the SSMI has more advantages regarding the drought prediction.
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